The Defense Meteorological Satellite Program (DMSP)'s Operational Line-scan System (OLS) stable nighttime light (NTL) imagery offers a good opportunity for characterizing the extent and dynamics of urban development at the global and regional scales. However, their ability to characterize intra-urban variation is limited due to saturation and blooming of the data values. In this study, we adopted the methods of Mann-Kendall and linear regression to analyze urban dynamics from time series Vegetation Adjusted NTL Urban Index (VANUI) data from 1992 to 2013 in the Southeast United States of America (U.S.A.), which is one of the fastest growing regions in the nation. The newly built urban areas were effectively detected based on the trend analysis. In addition, the VANUI-derived urban areas with an optimal threshold method were found highly consistent with the Landsat-derived National Land Cover Database. The total urbanized areas in large metropolitan areas in southeastern U.S.A. increased from 8524 km 2 in 1992 to 14,684 km 2 in 2010, accounting for 5% and 9% of the total area, respectively. The results further showed that urban expansion in the region cannot be purely explained by population growth. Our results suggested that the VANUI time series provided an effective method for characterizing the spatiotemporal dynamics of urban extent at the regional scale.
Introduction
Human-induced urban development has profound impacts on energy, water, pollution, and capacity of ecosystems [1] . Satellite observations have been widely used for urban land use classification at different scales. In particular, remote sensing data with high revisit frequency offer a good opportunity to measure spatiotemporal characteristics of urban development.
The nighttime light (NTL) imagery derived from the Defense Meteorological Satellite Program/Operational Linescan System (DMSP/OLS) can provide spatially explicit observations of artificial lighting sources across human settlements at night [2] . Strong correlations between DMSP/OLS NTL data and key socioeconomic variables such as population density, economic activity and energy use have been reported [3] [4] [5] [6] . The DMSP/OLS nighttime images have been proved to be a cost-effective tool for large-scale human settlement and dynamic mapping [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . The thresholding method for urban mapping from NTL data has been extensively used due to its simplicity and reasonably high accuracy [8, [13] [14] [15] . In order to mitigate the impact of the blooming effect of NTL data, Imhoff et al. [8] proposed imposing a detection frequency threshold to reduce less frequently
Dataset
The major datasets used in this study included DMSP/OLS NTL, AVHRR and MODIS NDVI data, USGS impervious surface product and population statistics. The DMSP/OLS NTL data measured lights on the Earth's surface from cities and settlements with persistent lighting, and others such as gas flares, fires, and illuminated marine vessels [15] . The data at each pixel are recorded as a digital number from 0 to 63 with a 1 km spatial resolution, spanning´180˝to +180˝in longitude and´65˝to +75˝in latitude. The annual cloud free composites were built using the highest-quality data based on a number of constraints [24] . In this study, we used time series NTL data from 1992 and 2013 covering southeastern U.S.A. 
The major datasets used in this study included DMSP/OLS NTL, AVHRR and MODIS NDVI data, USGS impervious surface product and population statistics. The DMSP/OLS NTL data measured lights on the Earth's surface from cities and settlements with persistent lighting, and others such as gas flares, fires, and illuminated marine vessels [15] . The data at each pixel are recorded as a digital number from 0 to 63 with a 1 km spatial resolution, spanning −180° to +180° in longitude and −65° to +75° in latitude. The annual cloud free composites were built using the highest-quality data based on a number of constraints [24] . In this study, we used time series NTL data from 1992 and 2013 covering southeastern U.S.A. Two NDVI data products were used in this research: MODIS 16d NDVI composite data from 2000 to 2013 and AVHRR weekly NDVI composite data from 1992 to 1999, both at 1-km spatial resolution. The MODIS NDVI data (1-km MOD13A3) were obtained from the USGS Land Processes Distributed Active Archive Center (https://lpdaac.usgs.gov/), and the AVHRR NDVI data were acquired from the USGS's Earth Resources Observation and Science (EROS) Center (https://lta.cr.usgs.gov/). The data were radiometrically calibrated, precisely georeferenced, and corrected for atmospheric effects [25] .
The National Land Cover Database is the national land cover product created by the Multi-Resolution Land Characteristics Consortium [26, 27] . The NLCD 2011 Land Cover layer was used to depict background information of the Southeast U.S.A. The county level decennial census data (1990, 2000, and 2010 ) was also downloaded to analyze their relationship with built-up area changes.
Methodology
The proposed method for mapping the spatiotemporal patterns of urban areas included five steps ( Figure 2 ): (1) inter-calibration of NTL and NDVI data; (2) calculation of VANUI; (3) generation of training sample; (4) extraction of built-up area for year 1992, 2000 and 2010 in metropolitan areas; and (5) the analysis of built-up area change. data were radiometrically calibrated, precisely georeferenced, and corrected for atmospheric effects [25] .
The proposed method for mapping the spatiotemporal patterns of urban areas included five steps ( Figure 2 In order to reduce variations and differences among sensors, an inter-calibration of NTL data was performed according to the method developed by Elvidge et al. [24] . We selected the Swain County in North Carolina as calibration area, because of its relatively stable percentage of impervious surface based on analysis of the land cover change layers. The NTL data from satellite F12 in 1999 was chosen as the reference dataset, as it had the highest cumulative DN value. A second-order regression model was developed for each satellite using Equation (1) and empirically derived coefficients by comparing the DN values from other images and reference data from satellite In order to reduce variations and differences among sensors, an inter-calibration of NTL data was performed according to the method developed by Elvidge et al. [24] . We selected the Swain County in North Carolina as calibration area, because of its relatively stable percentage of impervious surface based on analysis of the land cover change layers. The NTL data from satellite F12 in 1999 was chosen as the reference dataset, as it had the highest cumulative DN value. A second-order regression model was developed for each satellite using Equation (1) and empirically derived coefficients by comparing the DN values from other images and reference data from satellite F12 in 1999 for Swain in North Carolina. Finally, NTL data were inter-calibrated for the period 1992-2013 using the regression model:
where DN is the original DN value, DN calibrated is the intercalibrated DN value, and a, b, and c are coefficients. The annual mean NDVI values were derived for the two NDVI products [18] . Then, all the annual mean NDVI data were projected onto an Albers Conical Equal Area projection and resampled the data to a pixel size of 1 km, based on the nearest neighbor resampling algorithm.
As a result of sensor degradation and discrepancies among different sensors, there is a lack of consistency and comparability among NDVI data in different years. The annual mean NDVI datasets were preprocessed through within-and among-sensor calibration [16] . A calibration area with high conformity to NDVI values over different years was selected and a linear regression model was used to calibrate the NDVI data from different years for the same sensor [28] . Subsequently, the inter-calibration of the NDVI data from different sensors was performed with a linear regression model [29] .
We computed VANUI in urban areas for each year from 1992 to 2013 using the following formula [18] :
VANU I " p1´NDV IqˆNTL nor (2) where NDVI is the annual mean NDVI derived from MODIS or AVHRR datasets. The NDVI values were constrained to the range of positive values between 0 and 1.0 [18] . NTLnor is the normalized value of the preprocessed NTL data:
where NTL min and NTL max are the minimum and maximum values in the NTL data (0 and 63, respectively).
The VANUI values range from 0 to 1.0. Urban cores and Central Business Districts with sparse vegetation and a high lighting intensity have positive VANUI values close to 1. Peri-urban areas with lush vegetation and diffuse lighting show low VANUI values close to 0. The rationale behind using VANUI for urban area extraction is that NTL data are positively correlated with impervious surface, and vegetation abundance is inversely correlated with impervious surface [30] . Thus, the synergic use of these two types of data can improve the accuracy of estimating the spatial distribution of urban areas [31] .
‚

Generation of training samples and the calculation of thresholds
The reference samples of built-up areas were generated using the NLCD change products. The unchanged urban pixels were extracted from the NLCD 1992-2001, 2001-2011 change products. We assumed the imperviousness of these pixels is stable during the entire study period. Their percentage impervious surface area was derived from the 2011 percentage of developed imperviousness layer. In our study, we defined built-up areas as pixels with percentage of impervious surface areas higher than 20%. The percentage of impervious surface areas of reference samples include low (20%-49%), medium (50%-79%), and high (80%-100%) ( Table 2 ). For each metropolitan area, the threshold VANUI values to differentiate built-up areas with non built-up areas were calculated based on the training samples in the years 1992, 2000 and 2010.
‚
Urban area detection
With the optimal threshold value determined, the urban areas of the Southeast U.S.A. in each year were extracted from annual VANUI data in the years 1992, 2000, and 2010. Table 2 . Training samples used to determine optimized thresholds extracted from NLCD impervious surface product.
Urban Area Class Description
Developed, Low Intensity
Areas with a mixture of constructed materials and vegetation. Impervious surfaces account for 20%-49% percent of total cover. These areas most commonly include single-family housing units.
Developed, Medium Intensity
Areas with a mixture of constructed materials and vegetation. Impervious surfaces account for 50%-79% of the total cover. These areas most commonly include single-family housing units.
Developed, High Intensity
Highly developed areas where people reside or work in high numbers. Examples include apartment complexes, row houses and commercial/industrial. Impervious surfaces account for 80%-100% of the total cover.
Built-Up Area Change Analysis
In this study, two methods were applied to analyze the spatial and temporal pattern of urban area change in the Southeast U.S.A. from 1992 to 2013. At the regional level, a trend analysis based on statistical methods was conducted based on VANUI time series. Specifically, a non-parametric Mann-Kendall [32] test was performed. The Mann-Kendall test has been applied to detect monotonic trends in time series for vegetation applications [33, 34] . The test statistic S is computed as:
where sign(y j´yi ) is equal to +1, 0, or´1 according the positive differences, no differences and negative differences between the later-measured VANUI and all earlier-measured VANUI values. The test statistic τ can be computed as:
which has a range of -1 to +1. In the two-sided Mann-Kendall test, if the null hypothesis of τ = 0 is rejected, a positive value of τ indicates an increasing trend of the VAVUI in the study period. After that, the numerical trend values were retrieved to estimate trends by simple linear regression for those pixels passing the Mann-Kendall trend tests at 90% confidence level. For metropolitan areas, the changes of urban areas were quantified based on the mapped built-up areas from VANUI data in 1992, 2000 and 2010. Their relationship with population change during the same period was analyzed based on correlation analysis. Figure 3a shows the changing trends of pixels with significant increasing trends in the study area. Areas with significant increasing trend existed mainly in the surrounding areas of the core of metropolitan areas. As Figure 3 illustrates, the urban growth are in different spatial patterns in metropolitan areas. The newly developed built-up areas were distributed along the west northern corridors in Columbia, SC (Figure 3b ). Figure 3c shows the Atlanta city was expanding in the ring form. Increasing trends were also observed for small towns scattered in this area. For a more comprehensive view, we chose three subsets and compared their changing trend with NLCD data (Figure 4) . The changing trend of VANUI can reflect an increase of urban areas surrounding the city centers well. For small towns and villages in rural areas, the increase of low and medium density impervious surface was also revealed. However, the growth of built-up areas in central urban areas was rarely detected. For the At metro area, the changing rates of VANUI varied with regards to their distance from the urban core. 
Results
Regional Trend Analysis
Built-Up Area Detection and Accuracy Assessment
We evaluated urban area detected from VANUI data with urban areas from NLCD land cover product for the Atlanta, GA metropolitan area ( Figure 5 ). A visual comparison shows that the proposed method can map the urban extent relatively well. Due to the relatively coarse spatial resolution of NTL data, the mapped urban extent tends to be less fragmented compared to the NLCD products derived from 30 m-resolution Landsat imagery. Small size settlements in rural areas were confused with non-built-up areas due to the relatively low spatial resolution of VANUI data. The misclassification was found on boundaries of urban clusters and green space within urban clusters.
proposed Table 3 shows the confusion matrix of VANUI-derived urban areas in 2011. The NLCD 2011 land cover product was used as ground truth data and aggregated to 1-km resolution. Pixels with percentage impervious surface areas higher than 20% were selected as built-up areas. Here, a stratified random sampling of built-up and non built-up areas was implemented. A total of 1071 sampling points consisting of 238 built-up area samples and 833 non built-up area samples were Table 3 shows the confusion matrix of VANUI-derived urban areas in 2011. The NLCD 2011 land cover product was used as ground truth data and aggregated to 1-km resolution. Pixels with percentage impervious surface areas higher than 20% were selected as built-up areas. Here, a stratified random sampling of built-up and non built-up areas was implemented. A total of 1071 sampling points consisting of 238 built-up area samples and 833 non built-up area samples were collected as validation data. The overall accuracy of 84.98% and the Kappa of 0.58 were obtained. The misclassification of built-up areas as non built-ups may be caused by the limited resolution of VANUI data in comparison to Landsat images. The non-built-up areas were mislabeled as built-up areas in urban cores due to the saturation of NTL data as the incorporation of vegetation variables cannot completely eliminate the saturation effect of NTL data in urban cores. Comparing with previous studies [15, 35] , the results are satisfactory at the regional level. 
Spatiotemporal Patterns of Built-Up Area Changes in Metropolitan Areas
The changes of built-up areas were derived from VANUI data and the changes of population were generated from decennial census data (Figure 7) . The total urban areas derived from the VANUI data are 8524 km 2 and 14,684 km 2 in the metropolitan areas in 1992 and 2010, respectively. The urbanized area occupies about 5% of the total area in 1992 while 9% of the total area in 2010. In 2010, the percentages of urbanized area vary from 2% in Tuscaloosa, AL metro area to 26% in Tampa-St. Petersburg-Clearwater, FL metro area. The Atlanta metropolitan area had the largest urban area in 2010, followed by Mi. The built-up area in Atlanta metro area grew at a faster rate from 1992 to 2000 than from 2000 to 2010, while the Mi metro area showed the opposite trend. Among the 15 metro areas, the Mi metro area had the largest population during the entire period. Though the Ta metro area has the smallest total area, it had the third largest built-up area and population. The Tu metro area had the smallest built-up area and population.
Built-up area differences for two periods, 1990-2000 and 2000-2010, were calculated for each metropolitan area as follows: UB t1´U B t2 (t1:2000 or 2010, t2:1990 or 2000). Urban population (POP) differences were retrieved in the same way: POP t1´P OP t2 . To minimize the scale differences between the built-up area and urban population data, a data normalization scheme was applied [17, 36] :
where x i is the built-up area or population increase of the ith metropolitan area, x 1 as the mean built-up area or population increase and z as the standard deviation. The normalized differences of population and urban area for metropolitan areas for two periods, 1990-2000 and 2000-2010, were plotted in Figure 8 . The normalized changes of urban areas were found to be positively correlated with normalized changes in population. When At and Mi metropolitan areas were excluded, the R 2 value increased to 0.5888 (Figure 8b ). . Urban population (POP) differences were retrieved in the same way: POPt1 − POPt2. To minimize the scale differences between the built-up area and urban population data, a data normalization scheme was applied [17, 36] :
where xi is the built-up area or population increase of the ith metropolitan area, x as the mean built-up area or population increase and z as the standard deviation. The normalized differences of population and urban area for metropolitan areas for two periods, 1990-2000 and 2000-2010, were plotted in Figure 8 . The normalized changes of urban areas were found to be positively correlated with normalized changes in population. When At and Mi metropolitan areas were excluded, the R 2 value increased to 0.5888 (Figure 8b ). An analysis based on rates of change was also conducted. The growth rate of urban population was calculated as follows: (POPt1 − POPt2)/POPt1. Urban area growth rate was calculated in the same way. The growth rates of built-up area and population were derived for the metropolitan areas for two periods: 1990-2000 and 2000-2010. A linear regression model with an R 2 of 0.0155 and p value of 0.5126 (Figure 9 ) suggests that the growth of urban areas derived in our study cannot be well explained by population growth and their correlation is insignificant. An analysis based on rates of change was also conducted. The growth rate of urban population was calculated as follows: (POP t1´P OP t2 )/POP t1 . Urban area growth rate was calculated in the same way. The growth rates of built-up area and population were derived for the metropolitan areas for two periods: 1990-2000 and 2000-2010 . A linear regression model with an R 2 of 0.0155 and p value of 0.5126 (Figure 9 ) suggests that the growth of urban areas derived in our study cannot be well explained by population growth and their correlation is insignificant. An analysis based on rates of change was also conducted. The growth rate of urban population was calculated as follows: (POPt1 − POPt2)/POPt1. Urban area growth rate was calculated in the same way. The growth rates of built-up area and population were derived for the metropolitan areas for two periods: 1990-2000 and 2000-2010 . A linear regression model with an R 2 of 0.0155 and p value of 0.5126 ( Figure 9 ) suggests that the growth of urban areas derived in our study cannot be well explained by population growth and their correlation is insignificant. 
Discussion
This study provided an experiment for the characterization of spatiotemporal pattern of urbanization with time series DMSP/OLS NTL data. Although previous studies have showed the capacity of VANUI data to reduce the NTL saturation effect in urban cores and over-glowing effect in suburban regions [16] and to quantify regional spatiotemporal pattern of impervious surface, the studies in the application of VANUI for urbanization dynamic analysis are scarce [18] .
Two methods were adopted to analyze urbanization patterns with VANUI time series, including trend analysis and thresholding method. With trend analysis, the spatial pattern of urban expansion revealed by VANUI time series matched well with the multi-temporal USGS impervious layers derived from Landsat data. Major discrepancies existed in urban center areas. According to Zhang et al. [18] , the VANUI did not increase inter-urban variability of NTL values for areas with a primarily impervious surface. The uncorrected saturation of NTL in these areas may hinder the detection of urban patterns from VANUI time series. Comparing the changing rates around urban 
Two methods were adopted to analyze urbanization patterns with VANUI time series, including trend analysis and thresholding method. With trend analysis, the spatial pattern of urban expansion revealed by VANUI time series matched well with the multi-temporal USGS impervious layers derived from Landsat data. Major discrepancies existed in urban center areas. According to Zhang et al. [18] , the VANUI did not increase inter-urban variability of NTL values for areas with a primarily impervious surface. The uncorrected saturation of NTL in these areas may hinder the detection of urban patterns from VANUI time series. Comparing the changing rates around urban cores, the suburban regions exhibited higher changing rates than areas far from urban cores. This indicates that the areas along the urban-rural gradient had faster developing rates than rural areas.
Compared with urban areas from NLCD products, the optimal thresholds derived from the training samples for each metropolitan area can map urban extent accurately. The nightlight data tended to overestimate boundaries of large cities due to the reflectance of light from surrounding non-urban land areas [13] . Thus, some omission errors existed in suburban and rural areas. The small size settlements in these areas were not identified due to the coarse spatial and radiometric resolution of DMSP/OLS sensors, as well as their dense vegetation coverage. The linear regression model shows that the normalized population difference explained more than half of the total variation in the normalized urban area difference (R 2 = 0.5888). The weak correlations between growth rates of urban areas and population have been observed by Zhang et al. [8] and Zhou et al. [37] . In the southeastern U.S.A., the urbanization pattern favored suburban low-density development that required large areas of land to support single-family housing and extensive road networks [38] . Besides population change, the variance of NTL data can be related to growth of economic activities and urban land use/cover change. The difference in spatial scale between the population dataset and built-up areas may also lead to their weak correlation.
Although the VANUI time-series has been successfully adopted to explore urbanization dynamics, there are some sources of uncertainty in this study. The threshold may be improved to adapt to a larger spatial scale with larger economic variability. For example, the cluster-based optimal threshold [39] and the local SVM-based region growing method [40] can be introduced to extract urban areas with higher accuracy for regions at different development levels. Another issue, which may hinder the accuracy of extraction, was the inherent limitation of spatial and radiometric resolution of DMSP/OLS nighttime images. To address these limitations, the new generation NTL data collected from Visible Infrared Imager Radiometer Suite (VIIRS) on the National Polar orbiting Operational Environmental Satellite System (NPOESS) that provide improved measurements can be incorporated [41, 42] . The integration of NTL data with data with higher spatial and spectral resolution optical image can present opportunities for better characterization of urban areas [43] . Meanwhile, combing backscatter information from microwave scatterometers with NTL data can facilitate the characterization of the structural changes of global cities and metropolitan areas [44] .
Conclusions
In this study, we presented and evaluated methods to detect the urbanization dynamics with NTL time series in the Southeastern U.S.A. The 22 year VANUI time series were generated with inter-calibrated DMSP/OLS and NDVI data. Based on the trend analysis of VANUI, newly built urban areas can be revealed effectively. Moreover, the built-up areas can be extracted with satisfactory accuracy compared with Landsat-derived NLCD data products when optimal thresholds were applied. The total urbanized areas in the 15 largest metropolitan areas in southeastern U.S.A. increased from 8524 km 2 in 1992 to 14,684 km 2 in 2010, accounting for 5% and 9% of the total area, respectively. The results provided useful information for understanding the urbanization process in southeastern U.S.A. In addition, the relationship analysis between urban area and population change indicated that urban expansion in the region was not purely driven by population growth. In order to improve urban area mapping accuracy using DMSP/OLS NTL data, future research should explore the development of new detection methods and the integration of information from remote sensing data with higher spatial and spectral resolution.
